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Abstract  In this paper, we construct an illustrative multidimensional poverty index for 
China and compare it with income poverty using the panel data from multiple waves of the 
China Health and Nutrition Survey. We use first order stochastic dominance method and 
regression analysis to test the stability of multidimensional poverty measures and probe 
the often-observed mis-match between multidimensional measures and income measures. 
We find as expected that China’s multidimensional poverty is significantly higher in rural 
areas and in the less developed western provinces. But relative to the income poverty, the 
multidimensional poverty is less volatile. Also, the ranking of provinces by income and 
multidimensional poverty varies. The multidimensional poverty measures are somewhat 
sensitive to the large change of weight, but if we control the indicators’ weight, then the 
multidimensional poverty measures are stable to a change of indicators.

Keywords  Poverty measurement · Multidimensional poverty · Stability · Weight · 
Robustness tests · Mis-match

JEL Classification  I3 · I32 · O1 · D63

1  Introduction

During the last thirty years, China’s income poor population has declined sharply. Further, 
the millennium development goals for China were reached or nearly reached. In year 2011, 
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China’s government adjusted the rural poverty line upwards to RMB 2300 (in 2010 prices) 
per year which is about $1.797 per day converted by PPP 3.506 in 2011 according to the 
international Comparison Program (ICP) from the World Bank.1 According to this poverty 
line, the official number of poor people in China’s rural areas is 166 million and rural pov-
erty incidence was 17.2% in year 2010. In 2015, China still has 55.75 million poor popula-
tion in rural areas, and the poverty incidence is 5.7%. So there have been strong gains even 
in recent times. Yet income poverty reduction remains a fundamental challenge. But before 
going to policy making, we must re-consider how to measure poverty, that is, which means 
should be chosen to target the poor.

At present, there are two kinds of measurement methods: traditional income poverty 
measures and new multidimensional poverty measures. Because each of these two meas-
ures address different definitions of poverty, and both seem important, it is not a question 
of choosing which one is better for poverty reduction. Rather, both measures are often used 
together as official poverty statistics, each of which captures something important, and pro-
vides policy-relevant guidance.2 However although it is recognized that the measures dif-
fer, the respective strengths and reasons for their differences and complementarities are 
not yet sufficiently understood. In this paper, we use panel data to study the dynamics of 
both multidimensional and income poverty in China, to analyze their differences, and to 
assess the robustness or stability of the multidimensional measures to changes in weights 
and indicators.

Poverty has traditionally been considered in income space, and people have been iden-
tified as poor if they do not have enough money to meet their food requirements or their 
basic needs. Furthermore, the headcount ratio is the most widely used indicator in pol-
icy making. However, the headcount ratio is completely insensitive to the distribution of 
income among the poor. Sen (1976) argues that a poverty index should reflect the depth 
of poverty and inequality among the poor and hence must satisfy the monotonicity axiom 
and transfers. The Sen index fulfils these requirements. But because Sen’s poverty index 
couldn’t communicate information as transparently as headcount ratio does, Sen’s index 
less common in empirical application. Foster et  al. (1984) observes that Sen’s “ranking 
weighting” does not respect the axiom of subgroup consistency hence subgroup decompos-
ability. With an alternative “shortfall weighting”, Foster, et al. obtain a class of decompos-
able poverty indexes (FGT poverty indexes) which possess a series of good properties. Yet 
while the FGT poverty indexes are widely used to measure poverty, the headcount ratio 
remains the prominent measure because it can be easily understood and communicated.

Because of its familiarity, income data appear to be easy to operate policy makers 
engaged in in monitoring poverty, and in targeting the poor. But markets are imperfect; 
there are many non-monetary attributes which can’t be traded in the market. In addition, in 
policy terms, income is a result, which can’t explain why these people are in poverty. The 
insufficient information or signals may also make policies such as cash transfers inefficient, 
because they do not touch the root causes. Sen argues that we couldn’t just focus on income 
factors in poverty reduction, we should also consider how investments in health and educa-
tion and so on are both of intrinsic value and also instrumental to economic productivity. 
Sen puts forward the capability approach and attributes the poverty to lack of capability in 
different dimensions. Hence, Anand and Sen (1997), Bourguignon and Chakravarty (2003), 

1  The PPP data is from: http://siter​esour​ces.world​bank.org/ICPEX​T/Resou​rces/ICP_2011.html.
2  For examples of governments having both official poverty statistics see, for example, Ecuador, Colombia, 
El Salvador, Costa Rica, Chile, and Bhutan. See Alkire et al. (2015) chapter 1.

http://siteresources.worldbank.org/ICPEXT/Resources/ICP_2011.html
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Atkinson (2003) and Alkire and Foster (2007), all argue that poverty is multidimensional 
and should be measured in the multidimensional perspective. The Human Poverty Index 
(HPI) was first proposed by Anand and Sen; later measurement methodologies make use of 
recently available micro data to propose counting approaches to measuring poverty. Rav-
allion (2011) argued that it should aim for a credible set of multiple indicators. However 
the 2016 Report of the Commission on Global Poverty chaired by Tony Atkinson argues 
that the World Bank should measure non-monetary dimensions of poverty and include in 
a measure of overlapping deprivations—in other words, a multidimensional poverty index 
(World Bank 2016). Thus, it is becoming widely accepted that it is essential to measure the 
poverty from multidimensional, as well as monetary, perspective.

For multidimensional poverty measurement, it is necessary to choose the dimensions 
and identify who is poor in the first step. Based on the capability approach, Sen (1985, 
1999) states, the capability of a person reflects the alternative combinations of functionings 
the person can achieve, and from which he/she can choose one collection. The capability 
approach is based on a view of living as a combination of various “doings and beings”. 
Constrained by the data available, we only chose some elementary and important func-
tionings for this paper, such as the ability to be well nourished, well educated and well 
sheltered, the capability of escaping avoidable morbidity and premature mortality, and 
so on. According to the capability approach, following the global Multidimensional Pov-
erty Index (MPI) explicated in Alkire and Santos (2010, 2014) and published by UNDP’s 
Human Development Reports, this paper chooses three equally-weighted dimensions: Edu-
cation, health and living of standard.

The next steps are to identify who is poor and aggregate deprivations of the poor people 
into an overall measure of poverty. Which approach shall we use? Tsui (2002) generalizes 
the basic axioms of income poverty measurement into multidimensional poverty measure-
ment, and describes an axiomatic and generalized multidimensional poverty index. Bour-
guignon and Chakravarty (2003) also built a class of multidimensional poverty measures 
that extend the FGT class to many dimensions and satisfy a set of important properties. 
But their measures require cardinal data and assuming the same elasticity of substitution 
between different dimensions, and these features restrict their use in practice. Deutsch and 
Silber (2005) made a systematic comparison of four approaches to multidimensional pov-
erty analysis based respectively on the theory of fuzzy sets, information theory, efficiency 
analysis and axiomatic poverty indices. Thus different methodological options exist—par-
ticularly if data are cardinal.

Although there is widespread agreement that it should measure poverty from multidi-
mensional perspective, few empirical measures had been used in policy. This may have 
reflected the more complicated aggregation procedures and difficult data requirements, and 
choices of parameters required for other measures. This paper implements the Alkire and 
Foster (2007, 2011) “dual-cutoff approach” to calculate the adjusted headcount ratio mul-
tidimensional poverty index (MPI). This measure also extends the FGT poverty index and 
has many good properties. Policy-oriented applications have been implemented by many 
governments, and by international agencies including the United Nations and the World 
Bank (Wang and Alkire 2009; Zou and Fang 2011; Khan et al. 2013; Montoya and Teixeria 
2017).

Nevertheless, there remains a great deal of work to do in the development and applica-
tion of multidimensional poverty measures. On the one hand, the choice of dimensions, 
deprivation and poverty cutoffs and particularly the weights are still unfamiliar to many, 
and at present challenging to justify in the measurement of multidimensional poverty. 
What’s more, the data often do not provide the variables on all dimensions desired in the 
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calculation of MPI. On the other hand, although the outcome of robust test in Alkire and 
Santos (2014) shows that the rank of countries according to the global MPI is robust across 
the different weighting structures, a national MPI constructed using different indicators for 
one country may not be stable under different weighting structures. In theory, imposing 
a larger weight for one indicator will make the MPI more sensitive to the change of that 
indicator. A key question for the MPI, is how sensitive it is to different weighting structures 
in practice. And indeed how sensitive is it to using a ‘zero’ weight on some indicators—
by excluding them altogether. Building on previous literature, this paper aims to illustrate 
new and fine-grained robustness techniques that can be used when the data sources are not 
representative by a large number of population subgroups. It also empirically provides new 
analyses of MPI in China.

Hence, following the Alkire-Foster MPI identification and aggregation procedures, our 
paper first calculates and analyzes an approximation of China’s global MPI multidimen-
sional poverty using the CHNS dataset, and making use of its panel component to track the 
evolution of poverty over time. Different from those researches on China’s Multidimen-
sional poverty Measurements (Labar and Bresson 2011; Yu 2013; Zou and Fang 2011), 
first, our paper studies the dynamics of China’s multidimensional poverty, income poverty 
and their differences from 1989 to 2011 based on CHNS data. Second, this paper makes 
a stability analysis on multidimensional poverty with different combinations of weights 
and indicators in individual level, it’s different from sensitive analysis in Alkire and San-
tos (2014) where its rank analysis is based on countries or regions with different weights. 
Third, although Wang et al. (2009) had given a comparison analysis on multidimensional 
poverty with income poverty, but it’s just 1 year data, our paper studies their differences 
with a long period which can help us to find a dynamic change in their differences and pro-
vide us more information for our analysis on these differences.

We then test the stability of multidimensional poverty measures under different combi-
nations of weights and indicators. First our paper replicates a set of robustness tests that are 
similar to Alkire and Santos (2014) but more extensive in the set of weights tested. Also, 
in a novel methodological step, our paper constructs robustness tests at the level of the 
person, trialing an approach to robustness tests that would be applicable even for datasets 
that cannot be disaggregated by many population subgroups. Our paper also tests the sta-
bility of multidimensional poverty measures with the adjusted first-order stochastic domi-
nance (FOSD) method and by calculating the rank correlation coefficients. As far as we 
know, FOSD is widely used in the sensitivity test of inequality and poverty measurement 
(Davidson and Duclos 2000; Duclos and Makdissi 2005). Duclos et al. (2006) and Foster 
et al. (2013) undertake a theoretical analysis on the robustness of multidimensional poverty 
measures. Alkire et al. (2015) also mention that we can use FOSD method to test the sen-
sitivity of MPI with choice of poverty cutoffs. The FOSD method proposed in this paper is 
different from the traditional construction. Here, we cumulate the proportion of MPI poor 
in ascending order of their income. The advantages of this construction are that, it can be 
used to observe the differences within and between each measure. It can also be used to see 
clearly the differences of multidimensional poverty among different income groups.

Subsequently, we compare multidimensional poverty measures with income poverty 
measures. Due to the different attributes owned by income and indicators in multidimen-
sional poverty measures, the poverty identified by multidimensional measures are expected 
to be different from the poverty identified by the income method. Moreover, Banerjee and 
Duflo (2011) found that some income poor people would rather buy television or a cell-
phone than buy food for enough nutrition or take cheap immunizations for their children. 
So the behavior of income poor people will also make income poverty different from the 
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multidimensional poverty and finally affect the efficiency of poverty reduction policy. 
As our paper shows, although both income poverty and multidimensional poverty have 
decreased significantly over time, multidimensional poverty is less volatile and its decline 
is more persistent. The rank in multidimensional poverty among provinces also differs 
from the income poverty ranking, and does not have a consistent order over the time. The 
deprivations in schooling, nutrition, sanitation, drinking water and cooking fuel are still 
considerable, particularly in China’s rural areas.

Finally, this paper uses the panel logit regression model to compare the characteristics 
of each measure. The outcome shows that the multidimensional poverty measures built 
using different parameters have a certain consistency each other although there are some 
subtle differences. However, multidimensional poverty results are notably different from 
those of income poverty on the characteristics of household.

2 � The construction of multidimensional poverty index (MPI)

The construction of multidimensional poverty index involves the choice of identification 
strategies, aggregation procedures, dimensions and weighting structures. For the identi-
fication and aggregation procedures, our research uses the Alkire-Foster MPI calculation 
methodology, because the generalized form of aggregation methods in Bourguignon and 
Chakravarty (2003) have steep data requirements and also require us to determine the sub-
stitution elasticity between different dimensions, which is very difficult to do.

2.1 � Methodology

Assume there are n individuals, each individual is denoted by i with i = 1,… , n ; d dimen-
sions, each denoted by, j with j = 1,… , d . Let aij be the achievement of individual i in 
dimension j . Let wj be the weight for dimension j and 

∑d

j=1
wj = 1 . We denote by zj the 

deprivation cutoff for dimension j which is defined as the minimum achievement required 
in order for an individual to be non-deprived. Finally, let k be the “poverty cutoff”, which 
identifies a household as multidimensionally poor, where 0 < k ≤ 1 . Then as is well known, 
we can construct the M0 or MPI in three steps (Alkire and Foster 2007, 2011):

First, calculate the deprivation status of each person for each dimension gij . If the aij is 
less than zj , then individual i is deprived in j dimension, so gij = 1 , otherwise, gij = 0 . Col-
lect the deprivation status values in an n by d deprivation matrix g0.

Second, calculate the deprivation score of each individual and denote it ci where 
ci =

∑

j wjgij . If ci is less than or equal to k , then individual i is multidimensionally poor. 
Censor the matrix g0 by replacing with the value zero any deprivations of people not iden-
tified as poor, and denote it g0(k) . Similarly censor the vector of deprivation scores such 
that if a person is poor ci(k) = ci , otherwise, ci(k) = 0.

Finally, calculate the multidimensional poverty index M0 or MPI. M0 is equal to the 
average of the censored deprivation scores:M0 =

1

n

∑

i ci(k).
Assume that there are q individuals who are identified as multidimensional poor by 

using the dual-cutoff approach, then we can rewrite the MPI as:M0 =
q

n
⋅

�

1

q

∑

i ci(k)
�

 . As is 

well known, H =
q

n
 is multidimensional poverty incidence. We define A =

1

q

∑

i ci(k) as the 

average deprivation score, which is the intensity of poverty. Thus,M0 = H ⋅ A . M0 is the 
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first measure in the Alkire-Foster class of measures. We choose M0 for this analysis, 
because it can be used with ordinal, ordered categorical or dichotomous variables if the 
deprivation cutoff is fixed.

M0 has many useful properties for analysis which are documented elsewhere (Alkire and 
Foster 2011, 2016; Alkire and Seth 2015). We draw particularly on subgroup decompos-
ability in this paper. Assume the entire population is divided into m mutually exclusive and 
collectively exhaustive groups. Then the overall M0 can be expressed as a weighted average 
of the M0 values of m subgroups, where weights are the respective population shares. We 
denote the population, and the adjusted headcount ratio M0 of subgroup l by nl and Ml

0
 , 

respectively. Then the overall M0 can be expressed as:

This feature is very useful for understanding the contribution of different subgroups to the 
overall poverty. Note that the contribution of a subgroup to the overall poverty depends 
both on the poverty level of that subgroup and that subgroup’s population share.

2.2 � Discussions on dimensions and weighting

2.2.1 � The choice of dimensions

The choice of indicators is restricted by the data survey. If the data is unavailable or the 
quality of data is poor, then the multidimensional poverty measurement becomes impos-
sible or unbelievable. At the same time, we should consider two other rules: comparability 
and representativeness. Comparability means that the choice of dimensions must be inter-
nationally or nationally comparable. Representativeness requires that the dimensions are 
locally representative. While the representativeness may contradict with the comparability. 
For example, the drinking water, sanitation facility or cooking fuel may be not a problem to 
urban population, but it will be a severe problem in rural areas in China. People in China’s 
urban areas mainly focus on accommodation, choice of school for children, environment 
quality, decent jobs, and so on. In addition, many dimensions correlated each other which 
makes the aggregation of all dimensions complicated. But if you ignore some dimensions, 
you may evaluate the poverty biasedly. Alkire et al. (2015) construct an index to measure 
whether one indicator is redundant or not, if it is redundant, it can be dropped, unless it is 
retained for policy or some other reasons.

2.2.2 � Weighting

The dimensional values or weights play an important role in multidimensional measures 
(Njong and Ningaye 2008; Decancq and Lugo 2013; Foster et al. 2013; Alkire et al. 2015, 
Ch. 6), as they create cardinal comparability across. Decancq and Lugo (2013) categorized 
weighting strategies in three classes: Data-driven, normative and hybrid. Data-driven weights 
are a function of the distribution of the achievements in the society and are not based, at least 
explicitly, on value judgements about how the tradeoffs between the dimensions should be. 
Examples of these include frequency weights and statistical weights such as principal com-
ponent analysis, factor analysis, multivariate analysis, regression analysis. Note however that 
Alkire et al. 2015 draw attention to the multiple and often unjustified choices that are made 

M0 =

m
∑

l=1

nl

n
Ml

0
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in selecting ‘data driven’ weights. If these are used, at a minimum the results should docu-
ment the sensitivity of the final measure to variation in the methodology of deriving statisti-
cal weights. Decancq and Lugo include normative weights examples such as equal weights, 
expert opinions, and prices. Normative weights depend on the value judgements about the 
tradeoffs and are not based on the actual distribution of the achievements in the society under 
analysis; And the last, hybrid approaches are both data-driven and depend on some form of 
valuation, such as self-reported rankings of dimensional importance, or hedonic values.

As Decancq and Lugo (2013) argue, there are advantages and disadvantages in using each 
weighting structure. Data- driven weights are claimed to be objective, but since they are gen-
erated from the data, they may have little economic or social intuition so be difficult to justify. 
When more than one computational avenue exists and the resulting weights lead to differ-
ent conclusions, it can be difficult to explain which one is more reasonable. In Sect. 3.4 of 
Alkire et al. (2015), different computational avenues are articulated, such as whether to use 
Principal Components, Factor Analysis, or Multiple Correspondence Analysis; if PCA for 
example, whether to use the correlation or covariance matrix; how many factors to retain; and 
how to aggregate and standardize these to create the final vector of deprivation scores. While 
earlier, since Lionel Robbins economics had sought to avoid making value judgements—per-
haps believing these to be un-justifiable—more recently there is a wider recognition that value 
judgements cannot be avoided; indeed that they are involved in the identification or determina-
tion of what is a fact (Putnam 2004). Sen (1967) also shows how that, someone disputing a 
value judgment put forward by someone else can have a scientific discussion on the validity of 
the value judgment by examining the scientific truth of the underlying factual premises.

Most MPIs to date use normative weights. It may seem difficult to choose a weighting vec-
tor that will be widely accepted, but in practice, the situation has clarified considerably. First, 
there is no need to panic when normative weights are required. As Sen argued: “A choice 
procedure that relies on a democratic search for agreement or a consensus can be extremely 
messy, and many technocrats are sufficiently disgusted by its messiness to pine for some won-
derful formula that would simply give us ready-made weights that are ‘just right.’ However, 
no such magic formula does, of course, exist, since the issue of weighting is one of valuation 
and judgment, and not one of some impersonal technology.” (Sen 1999: 79).

Empirical applications of multidimensional poverty measures have chosen a normative 
weighting structure, and much can be learned from these prior applications and the discus-
sions and processes that generated and justified them. Also, as Alkire et al. (2015) stress, for 
multidimensional measures that will shape policy, it is essential to apply sensitivity analysis 
for weights and to ensure that the final measure is not unduly sensitive to the class or range 
of weights that could be considered reasonable by different groups of the population. In this 
way the final measure can be widely accepted and gains legitimacy. This paper, indeed, will 
propose a new methodology for assessing the robustness of MPI to alternative weighting 
structures.

3 � Data, the choice of dimension and weight

3.1 � Data sources

The main dataset used is the China Health and Nutrition Survey (CHNS). CHNS is an 
ongoing open cohort, international collaborative project between the Carolina Population 
Center at the University of North Carolina and the National Institute for Nutrition and 
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Health at the Chinese Center for Disease Control and Prevention (CCDC). It is designed 
to examine the effects of the health, nutrition, and family planning policies and programs 
implemented by national and local governments and to see how the social and economic 
transformation of Chinese society is affecting the health and nutritional status of its popu-
lation.3 Up to now, there are nine rounds survey in CHNS, which were carried out in the 
years 1989, 1991, 1993, 1997, 2000, 2004, 2006, 2009, and 2011, respectively. Thus, we 
can use this longitudinal panel data to analyze the dynamics and transitions of China’s mul-
tidimensional poverty.

The CHNS covers nine Chinese provinces that vary substantially in geography and eco-
nomic development, including Liaoning, Heilongjiang, Jiangsu, Shandong, Henan, Hubei, 
Hunan, Guangxi, and Guizhou. These nine provinces have a strong regional representa-
tiveness, where, Liaoning and Heilongjiang are in the northeast part of China which are 
the representative of old-industrial base of China; Jiangsu and Shandong are in the east 
part of China which have a highly developed economy, especially since the implementa-
tion of reform and opening-up policy; Henan, Hubei and Hunan are located in the middle 
part of China, they are traditional agriculture areas, and in recent few years, these three 
provinces develop rapidly with policy support from central government, but regions within 
these provinces still develop unevenly; Guangxi and Guizhou are in the southwest of China 
where are mountain areas with backward economy. So while not nationally representative, 
the CHNS gives a good picture of the diversity of poverty conditions in different regions of 
China (Fig. 1).

A multistage, random cluster process was used to draw the samples surveyed in each of 
the provinces. Counties in the nine provinces were stratified by income (low, middle, and 
high), and a weighted sampling scheme was used to randomly select counties in each prov-
ince. Villages and townships within the counties, and urban and suburban neighborhoods 
within the cities were selected randomly. From 1989 to 1993, there were 190 primary sam-
pling units: 32 urban neighborhoods, 30 suburban neighborhoods, 32 towns (county capital 
cities), and 96 rural villages. Since 2000, the primary sampling units have increased to 
216: 36 urban neighborhoods, 36 suburban neighborhoods, 36 towns, and 108 villages. 
There are about 4400 households in the overall survey, covering some 19,000 individuals. 
Follow-up levels are high, but families that migrate from one community to a new one are 
not followed. Movement within the primary sampling units and some larger urban entities 
is attempted.4

3.2 � Dimensions and cutoff

The choice of dimensions is not easy, but very important. Based on capability approach, the 
potential dimensions for poverty measurement are abroad and include education, health, 
living standards, and work, empowerment, environment, safety from violence, social rela-
tionships, culture and so on (Alkire 2007, 2008; Alkire and Foster 2007). But due to the 
data constraints of the survey data available for over 100 countries, UNDP and the Oxford 
Poverty & Human Development Initiative (OPHI) only chose health, education and living 
standards to calculate the global MPI. Following them (Alkire and Santos 2014), this paper 
also chooses these three dimensions. Although CHNS has both adult and children surveys, 

3  The sources and introduction of data are from CHNS website: http://www.cpc.unc.edu/proje​cts/china​.
4  The introduction of sampling procedure is from CHNS website: http://www.cpc.unc.edu/proje​cts/china​/
about​/proj_desc/surve​y.

http://www.cpc.unc.edu/projects/china
http://www.cpc.unc.edu/projects/china/about/proj_desc/survey
http://www.cpc.unc.edu/projects/china/about/proj_desc/survey
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it is difficult to measure the intra-household distribution and to distinguish individual pov-
erty within the household. Thus, we use the household as the unit of identification: that is, 
we use the information of all household members to identify whether the household and all 
its members are poor or not.

In each dimension, this paper selects indicators that replicate insofar as is possible the 
global MPI (Table  1 details the 10 indicators and deprivation cutoffs used). For educa-
tion, this paper uses two indicators: whether someone in the household has at least 5 years 
of education and whether all children of school age are attending school.5 All household 
members are considered non-deprived if at least one person has 5 years of schooling or 
more. School attendance is used to indicate whether children, at the age in which they 
would attend classes one to eight, are being exposed to a learning environment. This indi-
cator is used in the Millennium Development Goals (MDGs) and UNESCO (2010). When 
a school-age child is not in school, all household members are considered as deprived.

This paper mainly uses two type of health indicators: whether any member in household 
is undernourished and whether any child is died in the household. Under-nutrition usually 
indicates a functioning failure which can have life-long effects in terms of cognitive and 
physical development in the case of children and which make any person vulnerable to 
other health threats. We use the BMI-for-age to evaluate the nutritional status for people 

Fig. 1   Map of CHNS survey regions in China. Sources: The figure is from the CHNS website: http://www.
cpc.unc.edu/proje​cts/china​/about​/proj_desc/china​map

5  In China, although the compulsory education law is issued in 1986, but there is no uniform time to 
change the years of primary education from 5 to 6  years for different regions. Hence, the cutoff for the 
years of education follows some important Chinese multidimensional poverty researches, such as Wang and 
Alkire (2009), Zou and Fang (2011) and so on.

http://www.cpc.unc.edu/projects/china/about/proj_desc/chinamap
http://www.cpc.unc.edu/projects/china/about/proj_desc/chinamap
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whose age are more than 5 years old, and use weight-for-age for children whose age are 
between 0 and 5 years old, in both cases following the standards set by the WHO.6 Another 
indicator for health is whether any child is died in the household. The death of a child is 
a total health functioning failure that influences the entire household (Alkire and Santos, 
2014). So all members are considered deprived if there has been at least one observed child 
death (of the age) in the household. Since CHNS have 9 waves of survey with a period 
of 22 years, we consider household as poor if household has some child died in the year 
between last round survey and this round survey. Thus our indicator differs from the global 
MPI that considers all child deaths within the last 5 years. In year 1989, we consider house-
hold as deprived in the mortality if the household experienced a child death between year 
1985 and year 1989. In the stability analysis, we also use self-reported health to substitute 
the BMI-for-age as health indicator to calculate the MPI for technical reasons. We recog-
nize that self-reported health data may reflect adaptive preferences, and may be affected by 
other influences such as telescoping, mood, frame of reference, and personality type, but 
use it mainly to illustrate a particular technique, due to the lack of better data. The data of 
self-reported health indicator are only recorded from 1997 to 2006 in the CHNS and we 
consider the household as health poor when at least one member in household reports that 
their health are poor.

The standard of living dimension of the global MPI comprises six indicators: sanita-
tion, drinking water, electricity, floor, cooking fuel and assets. Sanitation, drinking water 

Table 1   Dimensions, indicators and cutoffs of the CHNS-based global MPI

Note: In UNESCO (2010), China’s school-aged children are defined as whose age are from 6 to 14 although 
see Alkire and Shen who use 7–15. Nutrition deprivation standard: Children (0–5 years old) are considered 
malnourished if their z-score of weight-for-age are below minus two standard deviations from the median of 
the reference population. Children (5–19 years old) are considered malnourished if their z-scored of BMI-
for age are below minus two standard deviations from the median of the reference population, Adults are 
considered malnourished if their BMI are below 18.5. All the information and algorithms are provided by 
the WHO

Dimensions Indicator Deprived if

Education Years of schooling No household member has completed 5 years of schooling
Child attendance Any school-aged child is not attending school in years 1–8

Health Mortality Any child has died in the family since the past survey period
Nutrition Any Adult or child for whom there is nutritional information is 

malnourished
Living Standard Cooking fuel The household cooks with straw, wood, charcoal, etc.

Sanitation The household has cement open pit, earth open pit or no bathroom.
Drinking water The source of drinking water is open well (less than 5 meters), creek, 

sprin, river etc. or safe drinking water is more than 30 min walking 
from home, roundtrip

Electricity The household has no electricity
Floor The household has a dirt, sand or dung floor
Assets The household does not own more than one of the following assets: 

television, telephone, bicycle, motorcycle, tricycle, refrigerator, 
and does not own a car or a truck

6  The reference and Stata computation procedures are from WHO: http://www.who.int/growt​href/tools​/en/.

http://www.who.int/growthref/tools/en/
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and cooking fuel were three standard MDG indicators. Not having clean drinking water 
and cooking fuel and an improved sanitation facility are harmful for health (UN 2003). 
Poor water quality and sanitation are a leading cause of mortality and disease in developing 
countries. For example Duflo et al. (2015) also find that an integrated water and sanitation 
improvement in rural India reduced treated diarrhea episodes by 30–50%, and their results 
held in both the short term and long term. Electricity and flooring material provide some 
rudimentary indication of the quality of housing. The last indicator is asset, which cov-
ers the ownership of some consumer goods, including television, telephone, refrigerator, 
electric fan and air conditioner, bicycle, motorbike, car and truck (not radio). All these 
are durable goods. With technological advancement, some consumer goods have changed, 
such as television and telephone, thus we consider a household has a television if it owns 
a black/white TV or color TV, and has a telephone if it owns a telephone or cellphone. 
Before 1993, there are no records of telephones and cellphones in household survey. In 
calculation of the asset poverty, we must unfortunately treat all households as non-deprived 
in telephone before 1993.

The living standard indicators are means rather than ends, they are not direct meas-
ures of functioning. Yet, these means are very closely connected with the ends (function-
ing) they are supposed to facilitate. In CHNS, the data of flooring material are missing in 
the wave of 2009 and 2011. Thus, we will use MPI excluded the flooring material. Also, 
because the rate of child mortality since the last survey is very low, we will not include 
child mortality in the MPI when we do decomposition analysis by regions, stability analy-
sis on the change of weights and comparison analysis with income poverty.

Finally, our paper also uses the income data to calculate income poverty, and compare 
it with multidimensional poverty. We choose the household income, and use income per 
capita to calculate the individual income, and inflate all these individual income to 2011 
price with price index which varies with regions and times. China’s rural national pov-
erty line was RMB 2300 per person in year 2011. Because CHNS includes the regional-
adjusted and year-adjusted price index, and the income is adjusted by this price index, 
so we also directly use RMB 2300 as the urban poverty line to calculate urban income 
poverty.

3.3 � Missing data and sample size

In our paper, we merge the household level datasets with individual level datasets. If the 
information of all household level indicators for multidimensional measurement are miss-
ing, then this household will be excluded. Information missing in the household datasets 
is not very severe, the proportion of missing data in each dimension is very small.7 In the 
individual datasets, the missing information mainly does not affect our poverty identifica-
tion on household. If individual’s household ID does not belong to the household survey 
datasets, then we delete this observation. Hence, the outcomes of multidimensional poverty 
measures are underestimated following our procedure, especially in 1989. But the bias is 
not very large except for 1989.

The treatment of some specific indicators differs marginally from the global MPI speci-
fications set out in Alkire et al. (2016) and the references therein. First, in years of school-
ing, if data of this household includes at least one member who has five or more years of 

7  For the original household-level data, the proportion of missing data is below 1% for each dimension.
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education, then we classify this household as non-deprived even if others are missing. Sec-
ond, if the nutritional information of all household members was missing, we consider the 
household as missing in this indicator, otherwise, we use the available information.

In order to reduce the loss of sample and keep the sample size as big as enough, we 
keep all observations in each wave, even though this means the panel is unbalanced.8 The 
longitudinal data also could be used to analyze the dynamics and transition of household 
multidimensional poverty. Finally, the total sample size left after our processing is 36,434 
households, 132,313 individuals for nine wave surveys. There are 3788, 3605, 3421, 3826, 
4285, 4329, 4368, 4427, 4385 households included in each year, respectively, and 15,897, 
14,730, 13,822, 14,314, 15,436, 14,310, 14,745, 14,685, 14,374 individual respondents in 
each year, respectively.

3.4 � Poverty cutoff

The indicators with their deprivation cutoffs have been computed, the next step is to deter-
mine who is multidimensionally poor. Thus, we have to set the poverty cutoff. There are 
two extreme possibilities, which are called the union approach and intersection approach, 
respectively. For the union approach, if the household is deprived in at least one indicator, 
then it is identified as multidimensionally poor. For the intersection approach, only if the 
household is deprived in all indicators do we regard this household as multidimensionallly 
poor. The general poverty cutoffs are between these two extreme cases, and the number of 
poor persons they will identify is also between these two cases. The union approach is so 
strictly that it does not accurately establish that a person is multidimensionally poor. For 
example, a person may have not enough education, but he/she has a good health, lives in 
a great house with flush toilet and has a car, whatever, we may not think this person is in 
poverty. In the global MPI, each person is identified as multidimensionally poor if and only 
if they are deprived in at least one-third of the weighted indicators. In most of our calcula-
tions, we choose 33.33% as the poverty cutoff. We later apply robust tests for a range of 
poverty cutoffs in the stability analysis.

4 � Measurement outcomes

4.1 � The headcount ratio of dimensions in different years

In the Table  2, we can find that the headcount ratio of most of indicators decline very 
quickly. In the economic variables, asset deprivations follow the trend of income poverty, 
Asset deprivation incidence drops from 28.9% in year 1989 to 2.71% in year 2011 and 
income poverty incidence drops from 42.5 to 12.4%. Sanitation facility deprivation is the 
most severe among all the indictors, although its deprivation ratio drops sharply by 27.4 
percentage points from year 1989 to year 2011, but in year 2011, there are still 35.1% 
households deprived of this indicator, and most of sanitation-deprived households are liv-
ing in the rural area. The deprivation of drinking water and cooking fuel are similar to 
sanitation: the incidence drinking water deprivations declines from 29.4% in year 1989 to 

8  We also processed the data into panel data and made a simple comparison analysis in the following part. 
After processing, there were 1537 household samples left each year for panel data.
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8.19% in year 2011, the headcount ratio of cooking fuel deprivations declines from 35.8 to 
16.0%.

In the most of China’s rural areas, because of history customs, local resources and lower 
costs, people mainly cook with wood or agricultural residues or coal in some places, drink 
the water from shallow wells or pond or rivers, and use open pit latrines and apply tem-
porary stored human excreta from open pit latrines as fertilizers to enrich their farmlands, 
which make the rural area more likely to be deprived in these indicators. But according 
to rural people’s own evaluation of deprivation, they may not think that they are deprived 
in these indicators. Although the Chinese government has already made great efforts to 
improve these indicators for rural areas and acquired a great achievement, agreement 
between the government and rural people as to appropriate indicators of deprivation will be 
also an important issue to solve in near future in China’s rural areas.

For the dimension of education, the deprivation ratio of child attendance drops quickly 
and is at a very low level in recent years. But the deprivation of years of education gets 
worse after year 2000, its deprivation ratio is 7.77% in year 2000, and is the lowest in all 
the years. Then its deprivation ratio unexpectedly increases to 10.7% in 2004, to 13.7% 
in 2006, after year 2006, it stays above 12.5%. If we decompose the years of school by 
rural–urban, we can find that, the increase mainly comes from rural areas after 2006, the 
deprived proportion increases from 10.9% in year 2004 to 15.5% in 2006, and then stays 
above 14%. But in urban areas, the deprived proportion drops from 10.2% in year 2004 
to 8.31% in year 2011. It means that the education continues to deteriorate in rural areas, 
and the education inequality between rural areas and urban areas widens over time. There 
are two reasons for this phenomenon: First, in China, education is the main route to get 
rid of identity “farmer” for rural population, so most of people who acquire higher educa-
tion move out of village to city. Second, because of household registration (hukou) system 
which creates a large number of “left-behind” children. These “left-behind” children live 
in an environment with scarce and poor education resources and with no right behavior 
restriction from their grandparents who left in village to take care of them. After a period 
of time, most of these left-behind children are eliminated from the school by Chinese cruel 
education race. Even those children could study in the city with their parents, their families 

Table 2   The uncensored headcount ratio of each indicator in 1989–2011

The data of decomposition by rural–urban does not be shown in the table

1989 1991 1993 1997 2000 2004 2006 2009 2011

Drinking water 0.2940 0.226 0.205 0.129 0.135 0.120 0.117 0.0969 0.0819
Sanitation 0.625 0.587 0.588 0.536 0.520 0.475 0.444 0.370 0.351
Electricity 0.0715 0.0399 0.0149 0.00680 0.00863 0.00323 0.00321 0.00361 0.0103
Cooking fuel 0.358 0.384 0.381 0.361 0.282 0.257 0.218 0.165 0.160
Flooring 0.253 0.248 0.0111 0.0303 0.0140 0.0051 0.0009 0 0
Asset 0.289 0.241 0.186 0.133 0.0957 0.0700 0.0634 0.0440 0.0271
Years of school 0.115 0.0890 0.0848 0.0920 0.0777 0.107 0.137 0.125 0.131
Child attendance 0.0599 0.0383 0.0590 0.0209 0.0198 0.00116 0.00664 0.00542 0.00889
Nutrition 0.131 0.256 0.228 0.186 0.163 0.139 0.131 0.141 0.124
Child mortality 0.0174 0.0064 0.0023 0.0050 0.0030 0.0039 0.0018 0.0016 0.0002
Income 0.4250 0.4430 0.4250 0.3120 0.259 0.225 0.214 0.123 0.124
Observations 3788 3605 3421 3826 4285 4329 4368 4427 4385
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need pay for a large amount of temporary education fee or they need go to some special 
schools for those migrant children where the facilities and teachers quality are also very 
poor. All of these expand the rural–urban education inequality.

The proportion of household who has ever had a child died declines from 1.74% in year 
1989 to 0.023% in year 2011: a great improvement in relative terms, although as mentioned 
below given the sample size child mortality is no longer an appropriate indicator for health 
deprivation. And the proportion of household who has some members malnourished also 
drops from 25.6% in year 1991 to 12.4% in year 2011. But 12.4 percent is still a very 
high level. Through the decomposition of this indicator by rural–urban areas, it is easy to 
find that malnutrition is more severe in rural areas. All of these illustrate that the health 
does not improve relatively as much as the great improvement seen in living standards, 
especially in rural areas. If we consider other health indicators, including mental health, 
disease, accidents or self-reported health, it seems likely to show that health is still a severe 
problem both in the rural areas and in the urban areas.

A note on data is required before proceeding. Although we have calculated the rates of 
deprivation in floor and mortality, we are not convinced that the apparent outcomes are 
accurate. First, the deprivation rate of flooring dropped sharply from 25.3 percent in year 
1991 to 1.25 percent in year 1993. It would be very unusual to see such a transforma-
tion. Also, the data of floor material are missing in year 2009 and 2011. Second, for the 
child mortality, since CHNS is a long duration survey, this paper considers a household as 
deprived in mortality if the household has ever had any child died between the year of this 
survey and last survey. As the Table 2 shows, only 0.64% households had at least one child 
between 1989 and 1991, and the rate continues to decline to 0.02% in year 2011, which is 
not significantly different from zero given the sample size. In the most following calcula-
tion and analysis of MPI, we will drop floor material and child mortality and focus on the 
other 8 indicators except where otherwise indicated.

4.2 � The measurement of multidimensional poverty

In the measurement of multidimensional poverty, we use the equal weights for each dimen-
sion as a benchmark, that is, we allocate 1/3 to each dimension: education, health and the 
living standard. And each indicator within each dimension are also allocated equal weights, 
replicating the nested weighting structure of the global MPI. The poverty cutoff is likewise 
1/3 or 33.33%.

Table  3 shows that there has been a significant reduction in MPI from year 1991 to 
year 2011, whatever with 10 indicators or with 8 indicators. For 10 indicators, M0 declines 
from 0.0621 to 0.0104, and for 8 indicators, M0 declines from 0.133 to 0.0529. Dropping 
flooring and child mortality does affect the levels of measured poverty but both still show a 
striking trend. Using nested weights with 10 indicators, the proportion of multidimensional 
poverty population declines from 15.7% in year 1991 to 2.7% in year 2011. For nested 
weights with 8 indicators, the proportion of multidimensional poverty population is 29.4% 
in year 1991, and declines to 13.3% in year 2011.

As the Fig. 2 shows, according to both the 8- and 10-indicator MPIs, multidimensional 
poverty has reduced 1991–2011, although compared to the income poverty, the reduction 
of multidimensional poverty is more gentle. The income headcount ratio declined from 
45.6% in 1989 to 14% in 2011. We think this seems reasonable, because most of indica-
tors in multidimensional poverty are permanent indicators, such as assets composited with 
durable goods, education and nutrition for adults, child mortality for households, and so 
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on. But individual income always varies every year for every person, and is also easily 
affected by the social and economic environment. For example, unemployment affects the 
income, but may not change his education, health or asset immediately. Figure 3 shows the 
variation of MPI for different poverty cutoffs values and for 3 years. As is usual for such 
analyses, the MPI has a sharp drop across some range of values, particular here when the 
poverty cutoff is between 0.3 and 0.4. It means that the MPI, H and A will change depend-
ing on the value of the poverty cutoffs but does not yet tell us about whether comparisons 
across subnational regions are sensitive to different poverty cutoffs.

4.3 � The decomposition of MPI

In order to further learn about the dynamic distribution of China’s multidimensional 
poverty, we divide the MPI by the provinces and rural–urban areas. In the Table 4 and 
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Fig.  4, we can observe the variation of multidimensional poverty of each region over 
time. First, both rural and urban areas have a statistically significant reductions in M0. 
The rural M0 declines from 0.155 in year 1991 to 0.0603 in year 2011. The change 
amounts to a decrease of 61.1% relative to the starting levels of poverty. The urban M0 
declines from 0.0887 to 0.0373. This change amounts to a relative decrease of 57.9%. 
Second, as Fig. 4 shows, multidimensional poverty in rural areas is higher than in urban 
areas, and their difference is statistically significant. In 1991, the difference between 
urban M0 and rural M0 is 0.0663, and rural M0 is 41.7% higher than urban M0, and 
in 2011, the difference is 0.023, but rural M0 is 55.8% higher than urban M0. Thus, it 
means that, although the absolute difference of M0 between rural and urban declines 

Table 4   Decomposition of MPI under nested weights with 8 indicators by province and urban

Note: The whole table including MPI, standard error and 95% CI is attached in the appendix Table 12. The 
contributions of each region to total MPI are shown in the Fig. 10 and Fig. 11

1989 1991 1993 1997 2000 2004 2006 2009 2011

M0 0.0882 0.133 0.118 0.0902 0.0771 0.0637 0.0618 0.0596 0.0529
Rural 0.105 0.155 0.134 0.108 0.0884 0.0741 0.0732 0.0696 0.0603
Urban 0.0536 0.0887 0.0808 0.0532 0.0533 0.0417 0.0377 0.0386 0.0373
Liaoning 0.0402 0.0833 0.0725 0.0601 0.0502 0.0367 0.0415 0.0319
Heilongjiang 0.0677 0.0598 0.0472 0.0413 0.0504 0.0491
Jiangsu 0.117 0.107 0.128 0.0538 0.0529 0.0436 0.0505 0.0461 0.0457
Shandong 0.0400 0.0711 0.0551 0.0396 0.0312 0.0297 0.0273 0.0343 0.0225
Henan 0.0992 0.110 0.0934 0.0795 0.0522 0.0369 0.0375 0.0358 0.0317
Hubei 0.0882 0.159 0.126 0.113 0.100 0.0724 0.0557 0.0477 0.0415
Hunan 0.0615 0.131 0.108 0.0710 0.0672 0.0575 0.0700 0.0632 0.0469
Guangxi 0.135 0.238 0.199 0.123 0.124 0.112 0.122 0.123 0.107
Guizhou 0.126 0.159 0.146 0.167 0.137 0.119 0.109 0.0881 0.0936
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Fig. 4   The dynamic change of MPI for rural–urban. Note: The dash line is the graph of 95% CI for the dif-
ference of MPI between rural and urban
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over time, the rural area declines at a slower pace in M0, and so the relative difference 
between two areas widens over time.

Across the nine provinces, the multidimensional poverty in Shandong province is the 
lowest over the time, and Guangxi and Guizhou province are the highest over the time, 
and both the differences are statistically significant compared to the other provinces. What 
is interesting in the provincial comparisons, though, is that multidimensional poverty in 
other provinces is not very consistent with their economic development level. Henan and 
Liaoning follow Shandong sequentially with a lower multidimensional poverty, and then 
are Jiangsu, Heilongjiang and Hunan province. The multidimensional poverty in Henan 
province is much higher before 2000, then it declines rapidly and becomes the second low-
est after 2006. The Fig. 5 shows that, Liaoning, Henan, Hubei and Guizhou have a signifi-
cant and continuous decline in the multidimensional headcount ratio, but Guizhou still has 
a higher ratio in 2011, about 22.3%. At the same time, Heilongjiang, Jiangsu, Shandong, 
Hunan and Guangxi are in slight oscillation around each steady ratio after 1997. Guangxi 
has the highest multidimensional headcount ratio and Shandong has the lowest ratio.

Hence, compared Figs. 5 and 6, we can find that the rank of multidimensional poverty 
among the provinces is much different from their rank by income poverty. For income pov-
erty, Jiangsu is the lowest one. Since the 9 provinces in CHNS cross the whole China from 
Heilongjiang in northeast to Guizhou in southwest, two are in northeast part of China, two 
are east developed provinces, three are located in the middle of China, and two are in the 
west of China, their living habitations are very different from each other, especially in rural 
areas. Multidimensional poverty is easily affected by these living habitation which makes us 
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Fig. 5   Dynamic change of multidimensional poverty by provinces
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Fig. 6   Dynamic change of income poverty headcount ratio by provinces
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consider it as why the dynamics of multidimensional poverty of different provinces is not 
consistent with income poverty (Fig. 7).

5 � Stability and robustness analysis

In order to test whether the MPI is robust to different weights, our paper also chooses 
four other alternative weighting structures. Following Alkire and Santos (2014), the first 
three weighting structures give 50% of the relative weight to one of the three dimensions 
and 25% to each of the other two in turn. In a fourth weighting vector, we use one kind of 
frequency weighting structure, and construct each indicator j’s weight as follows:

where hj indicates indicator j’s poverty incidence (uncensored headcount ratio). This fre-
quency weight assigns a higher weight to an indicator which has a lower deprived pro-
portion. Unlike the other data-driven weighting structure, the frequency weighting struc-
ture has its own economic implications, it means, if a person is deprived in some indicator 
which is used universally now, this deprivation is considered very serious. Hence, for three 
dimensions: education, health, living standard, there are six different weighting structures 
which are: nested weights for each dimension with 10 indicators; nested weights for each 
dimension with 8 indicators; 50, 25, 25;25, 50, 25; 25, 25, 50% and frequency weights, 
respectively. Subsequently we refer to these as weight0 to weight5, respectively.

Weight 0 Weight 1 Weight 2 Weight 3 Weight 4 Weight 5

10-nested 8-nested 50% education 50% health 50% living standards Frequency weights

First we calculate the Kendall τ-b rank correlations of MPI with different weighting 
structure, and use the adjusted first-order stochastic dominance method to test the stability 
of MPI for the change of weighting.

wjt = ln(1∕hjt)∕

d
∑

j=1

ln(1∕hjt) = lnhjt∕
∑d

j=1
ln(hjt)
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5.1 � The correlation of MPI with different weighting structure

Tables 5 and 6 provide the Kendall’s τ-b rank correlation coefficients9 among MPIs with 
different weights. The calculation is based on the pooled data. Although all the correlation 
coefficients are statistically significant at 5% significant level, the scale of coefficients vary. 
As the correlation between MPI under weight1 and MPI under weight3 is very large, the 
Kendall’s rank correlation is 0.9271. The next is correlation between MPI under weight1 
and MPI under weight4 which is 0.8176 and 0.8451, respectively. Correlation coeffi-
cients between each other MPI are lower, especially between weight3 and weight5, is only 
0.2075. As we know, weight1 is equal weight for each dimension, weight3 and weight4 are 

Table 5   Kendall’s τ-b rank correlation coefficients for MPI with different weights

(1) *Stands for statistically significant of the correlation coefficients at the 5% level or lower. (2) weight0 
refers to MPI under nested weight for each dimension with 10 indicators; weight1 refers to MPI under 
nested weight for each dimension with 8 indicators; weight2 refers to MPI with the weight structure 50, 25, 
25% for education, health and living standard; weight3 refers to MPI with the weight structure 25, 50, 25% 
for three dimensions; weight4 refers to MPI with the weight structure 25, 25, 50% for three dimensions and 
weight5 refers to MPI under the frequency weight

Weight0 Weight1 Weight2 Weight3 Weight4 Weight5

Weight0 0.9970
Weight1 0.5555* 1.0000
Weight2 0.7140* 0.5947* 1.0000
Weight3 0.3859* 0.9271* 0.4877* 1.0000
Weight4 0.6358* 0.8176* 0.6767* 0.7191* 1.0000
Weight5 0.6838* 0.3970* 0.5134* 0.2075* 0.5078* 1.0000

Table 6   Kendall’s τ-b rank correlation coefficients for different MPIs

*Stands for statistically significant of the correlation coefficients at 5% level or lower; Weight0 to weight5 
have the same meaning as the Table 5.Weight1s to Weight4s refers to the MPI calculated with self-reported 
health under weight1 to weight4; The year range used for correlation calculation in this table is from 1997 
to 2006
The significance of bold means the importance of these data and our interest in the analysis

Weight1 Weight2 Weight3 Weight4 Weight5 Weight1s Weight2s Weight3s Weight4s

Weight1 1
Weight2 0.5806* 1
Weight3 0.9443* 0.4876* 1
Weight4 0.8332* 0.6806* 0.7553* 1
Weight5 0.3191* 0.4330* 0.1820* 0.3932* 1
Weight1s 0.1770* 0.2217* 0.0867* 0.2091* 0.2558* 1.0000
Weight2s 0.1984* 0.5735* 0.0832* 0.2732* 0.3871* 0.5783* 1.0000
Weight3s 0.0929* 0.1101* 0.0749* 0.1061* 0.0816* 0.9388* 0.4762* 1.0000
Weight4s 0.2118* 0.3017* 0.1024* 0.3148* 0.3421* 0.8249* 0.6781* 0.7375* 1.0000

9  The Spearman’s rank correlation coefficients arrive at the same conclusions.
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weight structure with lower weight for education. Thus, all these indicate that the change of 
education’s weight is important when we have the same indicators. In addition, the MPI is 
sensitive for the change from the normative weights to frequency weights.

Then, considering the change of indicators, we can find that the correlation between 
MPI under weight0 and weight2 is largest in column 1 in Tables 5 and 6, the following is 
weight5 and weight4. As we known from the previous content, we have two more indica-
tors under weight0: Child mortality and floor material. While weight3 endows more weight 
to health, so if the more weight to this dimension, the more change to the MPI if we change 
this dimension. Since the asset poverty is lower, the change of this dimension weight will 
have little effect, so the correlation between weight4 and weight0 is also a little higher. The 
weight5 is frequency weight, since its construction, the indicator poverty and indicator’s 
weight restricted each other, thus it reduces effect of the change of indicators.

Table 6 lists out the Kendall’s τ-b rank correlation coefficients between MPIs with self-
report health and MPI with BMI-for-age under different weights. Since the data of self-
report health are only recorded from year 1997 to year 2006, so the calculation of correla-
tion coefficients is also based on this time range in Table 6. From the Table 6, we can find 
that, first, although time horizon becomes shorter, from year 1997 to year 2006, the cor-
relation among MPIs under different weights with the same indicator combinations are the 
same as before. Not only that, the strength of correlation relations between each measures 
are also very similar in each year, they don’t change as the time goes by.10 Second, the cor-
relation among MPIs under different weights also does not change a lot for the substitution 
of health indicators. Third, the correlation coefficients among MPIs under different weights 
and different indictors drop sharply, especially when there is a large weight to the varied 
indicator, just as the weight3 and weight3 s showed in the table. All these illustrate that 
the MPI is stable on regional level, do not vary a lot as the time/datasets changes, but MPI 
is not stable on individual level, when the weights or indicators have a variation, the out-
comes identified by multidimensional method change a lot, especially for one varied indi-
cator with a larger weight or varied weight of one indicator with larger poverty incidence.

5.2 � First‑order stochastic dominance (FOSD) analysis

Our paper is also interested in the variation of multidimensional poverty status of specific 
individuals according to the different combinations of weights and dimensions. Hence, 
compared to the traditional FOSD method, we replace the horizontal axis with income 
cumulative proportion. The steps of constructions are as follows: First, sort the deprivation 
scores by the ascending income, and calculate the cumulative proportion of income, we 
can label it with p;Second, construct the cumulative function of individual deprivation 
scores by p , and define this function as F(p) . According to the construction of M0,F(p) 
must satisfy: pl = F−1

�

∑

i≤l

�i

nM0

�

.

Then the definition of FOSD is as follows:
Given two different cumulative distribution functions F1(p) and F2(p) , F1(p) first-order 

stochastically dominates F2(p) if and only if F1(p) < F2(p).
The FOSD constructed here has three implications: First, if the distribution functions 

for two multidimensional poverty measures exist the relation of FOSD, then it means that 
there is significant difference between the outcomes identified by two different measures. 

10  The correlation coefficients among each measures of each year are shown in the Table 13 in this paper’s 
Appendix.
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Second, if two distribution functions exist the relation of FOSD, i.e. F1(p) and F2(p) with 
F1(p) < F2(p) which is shown in Fig. 8, then it can say that, under the situation of the sec-
ond distribution, most of the multidimensional poor people are much more concentrated in 
the low-income group, which means its identified targets is more overlap with the income 
poor. Third, we could observe the difference of multidimensional poverty of different 
income groups. If the line coincide with the diagonal line, then it means the multidimen-
sional poverty uniformly lays among different income groups and there is no difference in 
multidimensional poverty among different income groups.

Fig. 8   The FOSD Analysis. 
Note: p is cumulative proportion 
of income in its ascending order, 
F(p) is cumulative proportion of 
multidimensional poverty

p 

F(p) 

450 

F2(p) 

F1(p) 

Fig. 9   FOSD analysis among different MPIs 1989–2011. Note: weight1 refers to MPI under equal weight 
for each dimension with 8 indicators; weight2 refers to MPI with the weight structure 50, 25, 25% for edu-
cation, health and living standard; weight3 refers to MPI with the weight structure 25, 50, 25% for three 
dimensions; weight4 refers to MPI with the weight structure 25, 25, 50% for three dimensions and weight5 
refers to MPI under the frequency weight
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As the Fig. 9 shows, there are three levels of dominance relations among China’s mul-
tidimensional poverty measures with different weights: MPI under frequency weight; 
MPI under weight2 and weight4; MPI under weight1 and weight3. And the dominance 
relations are as follows: the MPI under frequency weight dominates the MPI under 
weight2 and weight4, and the MPI under weight2 and weight4 dominates the MPI under 
weight1 and weight3. First, the MPI under frequency weight dominates all other multi-
dimensional poverty measures in all the years. This means that, on the one hand, multi-
dimensional poverty measures under frequency weight has a great difference from the 
measures under normative weights, and this conclusion is similar to the conclusions 
from the correlation analysis. On the other hand, compared to the other measures, the 
poverty under frequency weights is more concentrated towards the lower income group, 
especially after year 2004.

Second, among the measures under normative weights, the measures under weight4 
and weight2 dominate measures under weight1 and weight3, and the meaning of domi-
nance is the same with the frequency weight as before. The weight2 and weight4 endow 
more weight to education and standard living, respectively. The reason of dominance 
may be that these two dimensions are highly related to the income. In fact, the MPI 
under equal weight structure dominates the MPI under weight3 which endows more 
weight to health, but this dominance relation becomes not significant as time goes on. 
As the Figs. 12, 13, 14, 15, 16 and 17 in the Appendix shows, when we substitute BMI-
for-age with self-report health, the dominance relations between each MPI with differ-
ent weight structures totally don’t change at all. And the dominance relation between 
MPI with this two types of health indicators under the same weight structures are not 
obvious.

Hence, weighting structure plays an important role in multidimensional poverty meas-
urement. The change of weights affects the distribution of multidimensional poverty. But 
if we control the weights, the substitution of indicators does not have a significant effect on 
the dominance relations among different multidimensional measures.

6 � Multidimensional poverty versus income poverty

Because of different features between income and the indicators in the multidimensional 
measures, income poverty may have a great difference from the multidimensional poverty. 
In a certain sense, income poverty can be used to reflect the contemporaneous poverty sta-
tus, and multidimensional measures may give a report on persistent poverty and poverty 
vulnerability. In this part, we will take a description and regression analysis on the differ-
ences among each poverty measures.

Table 7   The distribution of poor people for multidimensional (MD) and income (%)

1989 1991 1993 1997 2000 2004 2006 2009 2011

Both not MD poor and income poor 47.94 42.61 44.67 56.64 61.89 67.09 68.20 75.06 76.26
MD poor, not income poor 9.53 13.09 12.86 12.13 12.25 10.40 10.37 12.60 11.36
Income poor, not MD poor 32.21 27.99 29.11 22.74 20.05 17.79 17.17 9.89 10.42
Both MD poor and income poor 10.32 16.31 13.36 8.49 5.81 4.74 4.26 2.44 1.96



48	 S. Alkire, Y. Fang 

1 3

6.1 � The difference between multidimensional poverty and income poverty

As the Table 7 shows that, there is a great difference between multidimensional poverty meas-
urement and income poverty measurement. The proportion of people who are identified as 
both multidimensional poor and income poor is very low and also declines over time. In 2011, 
although the headcount ratio of multidimensional poverty and income poverty are 11.36 and 
10.42%, respectively, there is only 1.96% households who are both multidimensional poor and 
income poor. In year 1989, there are 10.32 percent people are both multidimensional poor and 
income poor, and in year 2011, there are only 1.96 percent. There is an obviously decline in this 
proportion from year 1989 to year 2011. There are two reasons: First, it is because both the mul-
tidimensional poor population and income poor population decline very quickly over the time. 
Second, it indicates that the difference becomes larger for the identified poor objects between 
multidimensional measures and income measures. In fact, the proportion of households who 
are multidimensional poor but not income poor is very stable, and maintains around 11%. This 
stability suggests that the most of reduction of multidimensional poverty may be due to the 
reduction of income poverty. If we aim to reduce the multidimensional poverty, then the policy 
must turn to the improvement of people’s capability.

In the Table 8, we find that the extremely permanent multidimensional poverty is more 
severe than income poverty, 19 households are multidimensional poverty in all 9 round sur-
veys for 22 years long, but there are only 4 households are income poverty in all 9 round 
surveys. These long-lasting household between two measures are totally different each 
other, for these 4 households with 22 years long in income poor, where 2 households have 
never been multidimensional poor, and other 2 households just have been in multidimen-
sional poor for once. However, since the proportion of household who has ever been poor in 
9 round surveys is higher than multidimensional poverty measures, it seems that the income 
poverty has a higher mobility. In this paper, the long-lasting poverty also means that the 
household exits intergenerational poverty, because with the efforts of many generations, 
all the household members have failed to improve on their education, health and living 

Table 8   The number of income poverty and multidimensional poverty waves

The number of income poverty waves

0 1 2 3 4 5 6 7 8 9 Total Prop.(%)

eh
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0 2,523 810 396 228 126 82 47 20 3 2 4,237 59.04

1 492 280 196 139 87 59 39 14 4 2 1,312 18.28

2 178 116 121 69 72 51 18 11 5 0 641 8.93

3 79 79 58 68 60 36 23 11 2 0 416 5.80

4 38 31 34 35 36 25 19 11 0 0 229 3.19

5 15 21 20 30 25 24 11 4 0 0 150 2.09

6 9 9 10 22 15 14 10 3 3 0 95 1.32

7 5 6 6 7 12 2 5 5 1 0 49 0.68

8 3 2 6 5 3 1 5 3 0 0 28 0.39

9 1 0 2 5 4 2 3 2 0 0 19 0.26

total 3,343 1,354 849 608 440 296 180 84 18 4 7,176 100

Prop.(%) 46.49 18.87 11.83 8.47 6.13 4.12 2.51 1.17 0.25 0.06 100

The significance of bold means the importance of these data and our interest in the analysis
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standard. Since the attributes between the multidimensional poverty and income poverty 
are different, it is necessary for us to further analyze the dynamic change of each dimension 
for this household to understand why the household traps into intergenerational multidimen-
sional poverty.

The differences between income poverty and multidimensional poverty with panel 
data are shown in the Tables 9 and 10. The outcome shows that they are similar to the 
longitudinal data in Tables 7 and 8. Although the headcount ratio of multidimensional 
poverty and income poverty are as high as 17.31 and 15.29% in 2011, respectively, there 
is only 2.34% households who are both multidimensional poor and income poor.

Table 9   The distribution of poor people for MD and income with panel data (%)

The sample size for panel data is 1537 households each year

1989 1991 1993 1997 2000 2004 2006 2009 2011

MD poor 23.03 33.31 28.17 23.36 20.62 18.22 17.96 17.96 17.31
Income poor 51.53 54.78 50.29 36.96 31.36 26.74 25.76 14.12 15.29
Both not MD 

poor and 
income poor

39.23 33.12 37.41 50.03 55.5 61.68 62.07 70.72 69.75

MD poor, not 
income poor

9.24 12.1 12.3 13.01 13.14 11.58 12.17 15.16 14.96

Income poor, 
not MD poor

37.74 33.57 34.42 26.61 23.88 20.1 19.97 11.32 12.95

Both MD poor 
and income 
poor

13.79 21.21 15.88 10.34 7.48 6.64 5.79 2.8 2.34

Table 10   The number of income poverty and MD poverty waves with panel data

The number of income poverty waves
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T 0 1 2 3 4 5 6 7 8 9 Total

0 95 78 89 75 61 43 31 14 3 2 491

1 34 51 58 61 43 34 30 12 3 2 328

2 23 26 39 34 37 35 14 11 4 0 223

3 23 13 19 40 29 24 17 9 2 0 176

4 7 9 14 16 20 18 11 7 0 0 102

5 4 7 7 18 14 20 8 1 0 0 79

6 3 7 8 16 9 6 5 3 2 0 59

7 4 4 4 6 9 2 4 3 1 0 37

8 3 1 6 4 2 1 4 2 0 0 23

9 1 0 2 5 4 2 3 2 0 0 19

Total 197 196 246 275 228 185 127 64 15 4 1,537

The sample size for panel data is 1537 households each year
The significance of bold means the importance of these data and our interest in the analysis
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6.2 � Regression analysis

In the following part of the paper, we use the panel logit model to analyze where the dif-
ference between income poverty and multidimensional poverty comes from. We compare 
multidimensional poverty of different weight structures with the income poverty. The 
explained variables are mainly characteristics of the household and the head of household. 
Since most of the explained variables are time-invariant, including the control of the gen-
der, provinces and urban–rural division, in order to keep estimation efficiency, we fits with 
the random effects logit model. As the Table 11 shows, the regression outcomes among dif-
ferent measures are not very consistent each other.

First, for the age of household head, all the poverty measures have the same trend and 
all are statistically significant: the poverty decreases as the age increases, when the age 
grows over some point, the poverty begins to increase as the age increases. But the turn 
points are not the same between multidimensional measures and income measures, they 
are around 55 years old for all multidimensional measures, and is about 70 years old for 
income measures. This outcome consists with the nature of indicators we have chosen. It 
indicates that the multidimensional poverty is shaped very early, and it would be persistent 
and hard to be eliminated for policies.

Compared with the male-headed households, the female-headed households have a lower 
probability of being poor for all poverty measures, and the outcomes are all significant, espe-
cially for those married-female-headed households. But for those divorced- or widowed-
female-headed households, they will have a higher possibility to be poor. It is necessary for 
us to analyze the household structure to learn about the reason of this phenomenon in later 
research. But according to our conclusions, it is not suitable for targeting female-headed 
households to reduce poverty, which is similar to Oginni et al. (2013), Montoya and Teixeria 
(2017). For marital status, relative to households whose head are unmarried, the households 
with married head have a lower possibility to be poor for all the measures. Divorced or sepa-
rated families have a higher probability of being poor for income poverty measures, but have 
a lower possibility to be poor for multidimensional poverty measures, and it’s similar for the 
widowed. It seems outcomes of income measures conform to our common sense. The conclu-
sions from multidimensional poverty may be due to nature of the indicators which we previous 
discussed.

As expected, the effect of education is significantly positive to reduce multidimensional 
poverty and income poverty, the households whose heads have a higher education will have 
a lower possibility to be poor. And national minority families have a higher probability of 
being poor relative to the families who are the Han nationality.

For the work type, relative to no job, the households whose heads have jobs will have a 
significantly lower possibility to be income poor, no matter what’s type of his occupation. But 
more skilled or senior the head’s occupation is, much lower possibility to be income poor the 
household is. Among all the types of occupation, farmer or hunter headed households have 
a higher possibility to be income poor. However, the effects of occupation on multidimen-
sional poverty measures are different from the income poverty measures. Relative to no job, 
the households whose heads are farmer/hunter will have a significantly higher possibility to 
be multidimensional poor, while other types of the occupation have no significant effect on 
multidimensional poor, the senior or skilled worker even have a higher probability of being 
poor. For the farmer/hunter, it’s easy to understand why, because in multidimensional poverty 
measures, the people lived in rural areas (most of them are farmers or lower skilled workers) 
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are seriously deprived in three indicators: sanitation facility, cooking fuel and drinking water, 
while these three indicators have a very high poverty incidence according to the Table  2. 
What’s more, according to the regression analysis of different measures, we find that, the 
people who live in rural area have a higher possibility to be poor for all types of measures.

For household size, the probability of being poor is monotonically increasing for income 
poverty and multidimensional poverty under weight1, weight3 and weight4, and is mono-
tonically decreasing for multidimensional poverty under frequency weight and weight2 
which endows 50% weight to education, so it indicates that education poverty decreases as 
the household size increases.

For the different provinces, basically, developed provinces have a lower poverty inci-
dence, but there is not a regular mode for all the measures. Compared to the reference 
province—Liaoning province, people lived in Shandong province have the lowest prob-
ability of being multidimensional poor, except for the outcome under frequency weight, 
but have a higher possibility to be income poor. On the contrary, people lived in Jiangsu 
province have the lowest possibility to be income poor, but have a higher possibility to be 
multidimensional poor. As a whole, the distribution of income poverty is not totally same 
with the multidimensional poverty.

As the regression analysis shows, compared to income poverty, all multidimensional poverty 
measures possess some common characteristics, but there are also some differences among each 
multidimensional measures which will be a big challenge to policy makers to make sure which 
type of multidimensional poverty measures is more reasonable. Of course, it should be prudent 
to explain the regression outcomes which just aim at our specific choice of weights and indica-
tors in this paper. If we control the household income in regression analysis on multidimen-
sional poverty,11 the estimation outcomes only have subtle changes, but all the effects reduce a 
little. It indicates that these household characteristics have some indirect effects through income 
to the multidimensional poverty.

7 � Discussions and conclusions

As all discussed above, poverty is multidimensional. And then, in the perspective of multidi-
mensional, it has to choose three ingredients: indicators, weight structure, aggregation proce-
dures. However, there is no theory and an authoritative consensus of opinion to make sure that 
there is a reasonable choice for these ingredients. If so, it’s very harmful for multidimensional 
poverty measures to be used for policy making. Based on the structure of global MPI, our paper 
chooses three dimensions, including education, health and living standard, to dynamically 
measure China’s multidimensional poverty, and use the FOSD and regression analysis to com-
pare different multidimensional poverty measures with income poverty measures.

First, both the income poverty and multidimensional poverty decline quickly as the time 
goes, and rural multidimensional poverty is more severe than urban areas, especially in sanita-
tion, drinking water and cooking fuel, it mainly attributes to the segregation produced by the 
China’s registration system and its induced formed rural living habits, lagged infrastructure con-
struction and high transformation costs. In addition, in recent years, rural education even dete-
riorates and rural malnutrition is still not very optimistic. These conclusions just underline the 
importance of indicator’s choice. What about the people living in urban areas? In China’s urban 
areas, people may be deprived in clean environment, accommodation, employment and so on. 

11  The regression outcomes with household income controlled are not shown in this paper.
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As independent setup of urban poverty line for income poverty measurements, it may need to 
build another indicator system for multidimensional poverty measurements.

Second, since the attributes of income and indicators in multidimensional poverty are dif-
ferent, we find that, compared to the income poverty, the multidimensional poverty declines 
gently over the time, and it is much more persistent. For the major regional characteristics, 
poverty under multidimensional measures do not have a great difference from the income 
measures, the poverty in urban areas or in the east developed provinces are much lower, it 
means that the variation of weight does not change the rank on regional level very much. 
However, if considering some specific household characteristics, we find that, multidimen-
sional poverty under different weights and income poverty have a great difference from each 
other, but if controlling weights, the substitution of indicators does not change the dominance 
relation among each multidimensional poverty measures under different weights.

China aims to completely eradicate the rural extreme poverty by 2020, and stresses tar-
geted measures to lift more people out of poverty which put forward by President Xi Jin-
ping. Because of advantages of multidimensional poverty measures on revealing the nature 
of poverty, efficiency of poverty information transmission, targeting policy making, and 
so on, multidimensional poverty measures will play an important role in the next stage of 
China’s poverty reduction.

Acknowledgements  Funding was provided by the Research project in Humanities and Social Sciences by 
the Ministry of Education of China (Grant No. 14YJC790026).

Appendix

See Tables 12 and 13, Figs. 10, 11, 12, 13, 14, 15, 16 and 17.
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Table 13   Kendall’s τ-b rank correlation coefficients for MPI with different weights

Weight0 Weight1 Weight2 Weight3 Weight4 Weight5

1989 Weight0 0.9970
Weight1 0.6804a 1.0000
Weight2 0.8046a 0.6734a 1.0000
Weight3 0.4139a 0.8216a 0.4874a 1.0000
Weight4 0.6828a 0.7885a 0.6547a 0.5890a 1.0000
Weight5 0.7662a 0.6186a 0.6611a 0.3304a 0.7324a 1.0000

1991 Weight0 0.9960
Weight1 0.6395a 1.0000
Weight2 0.8053a 0.6935a 1.0000
Weight3 0.5101a 0.9264a 0.6158a 1.0000
Weight4 0.6976a 0.8445a 0.7310a 0.7564a 1.0000
Weight5 0.6592a 0.4398a 0.5496a 0.2573a 0.5465a 1.0000

1993 Weight0 0.9960
Weight1 0.5729a 1.0000
Weight2 0.7253a 0.6788a 1.0000
Weight3 0.4074a 0.9257a 0.5717a 1.0000
Weight4 0.6209a 0.8721a 0.7289a 0.7841a 1.0000
Weight5 0.7659a 0.4286a 0.5723a 0.2200a 0.5045a 1.0000

1997 Weight0 0.9970
Weight1 0.5329a 1.0000
Weight2 0.6847a 0.6415a 1.0000
Weight3 0.3957a 0.9442a 0.5566a 1.0000
Weight4 0.5950a 0.8551a 0.7171a 0.7828a 1.0000
Weight5 0.5532a 0.3082a 0.4272a 0.1868a 0.3691a 1.0000

2000 Weight0 0.9970
Weight1 0.5034a 1.0000
Weight2 0.6756a 0.6077a 1.0000
Weight3 0.3423a 0.9421a 0.5098a 1.0000
Weight4 0.5814a 0.8375a 0.7028a 0.7579a 1.0000
Weight5 0.7445a 0.3749a 0.5356a 0.1748a 0.4706a 1.0000

2004 Weight0 0.9980
Weight1 0.4897a 1.0000
Weight2 0.6213a 0.5405a 1.0000
Weight3 0.3458a 0.9531a 0.4558a 1.0000
Weight4 0.5765a 0.8200a 0.6509a 0.7513a 1.0000
Weight5 0.4410a 0.2361a 0.2931a 0.1892a 0.2826a 1.0000

2006 Weight0 0.9980
Weight1 0.5473a 1.0000
Weight2 0.6745a 0.5166a 1.0000
Weight3 0.3797a 0.9381a 0.4107a 1.0000
Weight4 0.6640a 0.8117a 0.6405a 0.7179a 1.0000
Weight5 0.6025a 0.3296a 0.4278a 0.1954a 0.4142a 1.0000



59Dynamics of Multidimensional Poverty and Uni‑dimensional…

1 3

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

1989 1991 1993 1997 2000 2004 2006 2009 2011

Liaoning Heilongjiang Jiangsu Shandong Henan Hubei Hunan Guangxi Guizhou

Fig. 10   The contribution of each province’s MPI to total MPI

Table 13   (continued)

Weight0 Weight1 Weight2 Weight3 Weight4 Weight5

2009 Weight0 0.9980
Weight1 0.4340a 1.0000
Weight2 0.6260a 0.3919a 1.0000
Weight3 0.2821a 0.9577a 0.3004a 1.0000
Weight4 0.5796a 0.7477a 0.5458a 0.6740a 1.0000
Weight5 0.6003a 0.2440a 0.4284a 0.0768a 0.3626a 1.0000

2011 Weight0 0.9980
Weight1 0.4559a 1.0000
Weight2 0.6525a 0.4021a 1.0000
Weight3 0.3020a 0.9553a 0.3051a 1.0000
Weight4 0.6140aa 0.7288a 0.5638a 0.6500a 1.0000
Weight5 0.6856a 0.3065a 0.5008a 0.1443a 0.4553a 1.0000

(1) aStands for statistically significant of the correlation coefficients at the 5% level or lower. (2) weight0 
refers to MPI under equal weight for each dimension with 10 indicators; weight1 refers to MPI under equal 
weight for each dimension with 8 indicators; weight2 refers to MPI with the weight structure 50, 25, 25% 
for education, health and living standard; weight3 refers to MPI with the weight structure 25, 50, 25% for 
three dimensions; weight4 refers to MPI with the weight structure 25, 25, 50% for three dimensions and 
weight5 refers to MPI under the frequency weight
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Fig. 11   The contribution of rural–urban MPI to total MPI

Fig. 12   The dominance analysis on MD poverty with the self-reported health indicators. Note: weight1s to 
weight4s refers to Multidimensional poverty under weight1 to weight4 with self reported health indicators.
weight1s, weight2s, weight3s and weight4s refer to equal weights, 50, 25, 25, 25, 50, 25, 25, 25, 50% for 
education, health and standard of living, respectively
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Fig. 13   The dominance analysis on MD poverty under different health indicators

Fig. 14   The dominance analysis on MD poverty under different health indicators
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Fig. 15   The dominance analysis on MD poverty under different health indicators

Fig. 16   The dominance analysis on MD poverty under different health indicators
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